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S T U D E N T’S    R O L E 
 
The original perinatal depression project commenced more than 10 years ago as part of A/Professor 
John Eastwood’s PhD thesis. Data collection has continued since and the bigger Community Health 
Project has been ongoing. I work with A/Professor John Eastwood and Dr Sarah Khanlari in the Sydney 
Local Health District, in different departments but within the same Hospital at Royal Prince Alfred. This 
Workplace Project Portfolio (WPP) consisted of the data collected in 2014 and examined in particular 
aspects of psychosocial indicators in perinatal depression. I joined the team specifically for the purpose 
of this WPP. My role has been from consolidating the questions being asked, extract relevant 
information from the data collected, designing analysis plan, programming and implement the analysis, 
and preparing and interpreting the results.  
 
 
R E F L E C T I O N S    O N    L E A R N I N G 
 
The Master of Biostatistics course has built the foundation on which I was able to apply the theory and 
practice for this WPP. This WPP also enabled me to extend beyond the subjects taken in the last 3 years 
and learn and implement unsupervised and supervised statistical learning methods to address the clinical 
questions at hand. These required not only in understanding the concepts but also learning to program 
and implement the methods. With the help of colleagues and my supervisor, this has been both most 
challenging and rewarding. 
 
 
E T H I C A L    C O N S I D E R A T I O N S 
 
The project involved data collected from 17751 pregnant women whose consent have been waived. 
Considerations for the protection of their privacy and confidentiality from the data was paramount. The 
first step in the project was to obtain ethics approval for me to be included in the study, both from 
Sydney Local Health District and South-Western Sydney Local Health District Ethics Committees, prior 
to seeing the data. These were approved timely. All the data were de-identified. Sensitive and potentially 
re-identifiable data were not extracted from the original data set for this WPP. Research Data 
Management Plan was approved from the University of Sydney for this and the original data was stored 
on the University of Sydney access-controlled Research Data Storage accordingly. Extracted data was 
imported and saved as .RData to be loaded on the statistical program R for analysis. The .RData and 
other analysis files with no identifiable information were saved on University of Sydney staff dropbox 
for this part of the project. 
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I N T R O D U C T I O N 
 
Significance 
 
Pregnancy, childbirth and parenthood presents a time of increased stress and vulnerability, placing 
women at higher risk of developing mood disorders in the perinatal period. If unrecognised or untreated, 
there are a range of adverse outcomes for women, their newborns and their families, including long-
term neuropsychiatric sequelae in offspring. Globally, depression is a leading source of disease burden 
(Fantahun, Cherie, & Deribe, 2018; Ongeri et al., 2018; Rathod, Honikman, Hanlon, & Shidhaye, 2018), 
with the prevalence of postpartum depression estimated to be 10-15% world-wide on average, and in 
some countries can be as high as 40-45% (Vaezi, Soojoodi, Banihashemi, & Nojomi, 2018). In Australia, 
it is estimated that 111,000 mothers were diagnosed with depression (Australian Institute of Health and 
Welfare, 2012). Of these, approximately 1 in 2 had peri-natal depression, and over 1 in 5 were newly 
diagnosed during the peri-natal period. 
 
Significant relationships have been demonstrated between maternal depressive symptoms, their family 
and social circumstances, factors relating to community integration and ethnicity, and history of 
professional psychosocial support received (Ongeri et al., 2018; Sahin & Seven, 2018). In particular, in 
the post-partum period, an increasing level of social support provision has a positive effect on 
decreasing depression risk (Sahin & Seven, 2018; Tambag, Turan, Tolun, & Can, 2018). During the 
antenatal period, depressive symptoms are indeed as prevalent amongst pregnant women (Pampaka et 
al., 2018), and its risk has similarly been shown to be reduced with having good social support 
(Woldetensay et al., 2018). Antenatal events and social circumstances, such as disease during 
pregnancy, family dissatisfaction or social isolation, have also been identified as risk factors for 
postnatal depression (Do, Nguyen, & Pham, 2018; Fantahun et al., 2018). In particular, maternal 
depressive symptoms and events in the antenatal period are strongly associated with postnatal depressive 
symptoms and numerous adverse perinatal outcomes including pre-term delivery and low birth-weight 
(Dayan, Javadifar, Tadayon, Malehi, & Komeili Sani, 2018; Eastwood et al., 2017; Mak et al., 2018; 
Mochache, Mathai, Gachuno, Vander Stoep, & Kumar, 2018; Ruohomäki et al., 2018; Woldetensay et 
al., 2018) 
  
Clinical context 
 
Psychosocial assessment can identify both risk and protective factors for development of perinatal mood 
disorder. The New South Wales (NSW) Safe Start Policy (Mental Health and Drug and Alcohol Office, 
2010) is a universally delivered standard for publicly booked-in pregnant women in the state of NSW 
in Australia, and incorporates psychosocial assessment and both antenatal and postnatal depression 
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screening with the Edinburgh Perinatal Depression Scale (EDS). An EDS score of more than 13 is 
considered high risk for major depression. Already, community health level intervention has been in 
place targeting a subgroup of women with an EPDS score of ≥ 13 in the peri-natal period. Clinical 
experience, on the other hand, suggests that there exist other subpopulations in pregnant women with 
regards to their family, ethnic and psychosocial circumstances in Australia. Consideration of risk factors 
identified on psychosocial screening during antenatal period can be used to help guide clinicians to 
organise further assessment and support. In NSW, Local Health Districts already have implemented a 
range of assessment and support measures. It is unknown, however, if psychosocial indicators in these 
women are associated with or influence perinatal EDS scores, and that if these community health level 
interventions can be better targeted. 
 
 
Objectives 
 
The aims of this study are two-folds: 
(1) Targeting WHO: 
The first aim is to determine which sub-populations are at most risk of depression both antenatally 
and postnatally, thus intervention can be better targeted. Although EDS is a validated tool that has 
been shown to be strongly associated with major depression, it is practically difficult to stratify 
maternal population into EDS groups at the public health level. EDS measurement relies on the 
respondent having to complete and return the questionnaire, which, in the most depressed or socially 
isolated women, can be a difficult task to complete. There is a potential that some at risk or resource-
poor groups can be missed. In this study, to identify the subpopulation without the EDS scores, 
pregnant women are stratified by routinely available community-health level psychosocial 
indicators as they present to their local hospital or community perinatal care services. It is critical 
that their EDS scores are not included in the stratification process. 
 
(2) Targeting WHAT:  
The second aim of the study is to determine if the subpopulation groups are associated with baseline 
antenatal and postnatal depressions, separately, as measured by the EDS scores at the respective 
time points. The utility of the associations, if any, will be assessed with their prediction performance 
measurements. EDS of ≥ 13 has been validated in the Australian setting as predictive of probable 
major depression, and those between 9-12 have been used clinically to detect probable minor 
depression. However, there is emerging clinical trend that women scoring 9-12 on the EDS have a 
similar psychosocial profile to those scoring ≥ 13, without suffering from major depression but may 
benefit from simple population interventions. From the statistical point of view, this can be viewed 
as a prediction problem to identify the subpopulation groups that are at most risk of probable 
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depression (EDS ≥ 9) at the first antenatal visit and post-partum. To address the WHAT question, 
we will determine the effects of the groups on probable antenatal and/or postnatal depression, and 
evaluate the practical applicability of the effects, if found, by their predictive values using 
commonly used performance measurements (balanced accuracy, sensitivity, specificity, positive-
predictive values and negative-predictive values).  
 
 
Statistical Analysis Plan 
 
(1) Unsupervised Learning approach for Subpopulation Stratification 
The first stage of the analysis is to cluster the cohort into groups according to their demographic and 
psycho-social indicators. The goal is to discover subgroups amongst the measurements made on this 
population without an associated response measurement. Two main techniques are commonly 
applied – principal component analysis and clustering. In principal component analysis, the goal is 
to find a lower dimensional representation of the data structure which can explain the majority of 
the variance within the data. Clustering methods, on the other hand, aim to partition observations 
into different subgroups such that the observations are more similar within each subgroup. 
Clustering can be done on features to identify similar features, or it can be done on observations 
based on features in order to discover subgroups within the observations. The goal of this first stage 
of the study lends itself on clustering to discover subgroups within the observation. 
 
There are a number of clustering methods and algorithms available. Most of the methods, however, 
are based on bottom-up approach (looking for similarities between observations) and distance 
measurements. Latent class analysis (LCA) is a finite mixture modelling-based clustering approach 
which can be thought of as a top-down clustering approach. It starts with a probability model 
assessing the distributions of the data with the features’ correlation matrix, and assigns group 
membership according to the probability of an observation belonging to a particular group. It is a 
common approach in social science-related studies and one we will use in this study. As such, we 
will stratify our cohort into subpopulation with latent class modelling, using routinely available 
psychosocial indicators at the pregnant women’s first antenatal encounter with the community 
perinatal health service. Practically it is important that these indicators are easily collected and 
available at their first visit so that each pregnancy can be stratified early, if an intervention can be 
targeted. As the goal isn’t to partition the population by their degree of depression, it is also 
important that EDS score isn’t included in the stratifying indicators. The most likely number of 
classes can be assessed with Scree plot using model fit indices (AIC, BIC and likelihood ratio). One 
draw-back with applying unsupervised learning method is that it is difficult to validate the clusters 
- both internal and external validation are difficult with groups determined by unsupervised learning 
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methods. Hence, the different latent structure with different number of groups will be assessed 
manually by using clinical and content knowledge of the community. As the context of our study 
involves different social, ethnical and disadvantaged populations, we will call the latent classes 
“Groups” rather than “Classes” to avoid unintentional negative connotations.  
 
(2) Supervised Statistical Learning approach for Model Building, Internal Validation and Model 
Interpretation 
The main study goal is to determine if there is a relationship between depression and being in a 
particular Group. Clinically, EDS scores of more than 13 reflects probably major depression, while 
EDS scores between 9 and 12 are used as a screening for minor depression. From a statistical view 
point, this lends itself into a classification prediction problem, concerning with determining the 
accuracy of Groups in predicting probable depression. At the first antenatal visit and at post-natal 
visit, logistic regression will be modelled to determine the odds ratio for probably depression (EDS≥ 
9 vs < 9) between the Groups. The odds ratios will be adjusted by their baseline characteristics. 
 
Traditional model building in a logistic model is determined by a combination of clinical judgement, 
p-value selection, and nested model comparisons. While its place cannot be replaced in medicine, 
statistical learning approaches can complement traditional approach by offering tools that increase 
the armamentarium of a statistician to make better informed and objective judgements and 
assessments. Concepts in statistical learning approach will be adapted in this analysis, incorporating 
cross-validation and bootstrap resampling methods. Univariate analysis will involve bootstrap 
resampling in estimating the coefficients and uncertainties in their estimates. Development of a 
multivariate model will be explored by using commonly used machine learning algorithms. The 
data set will be partitioned into training-testing sets for model building and model evaluation. 
Feature selection will only be carried out in the training sets. A commonly used backward stepwise 
selection by AIC algorithm will be implemented for feature selection, using re-substitution cross-
validation procedure (Jayawardana, 2016). Selection criteria will include minimal the area under 
the receiver operating curves to select the model size, and accordingly choosing the number of 
variables with the top inclusion frequencies. The stability of the selected features will be verified by 
a sensitivity analysis with a tree-based random-forest algorithm Boruta (Kursa & Rudnicki, 2010). 
Internal validation is evaluated with cross-validation to determine AUC, sensitivities, specificities, 
positive predictive values (accuracy) and negative predictive values of the predictions. Final model 
estimates for interpretation will again be determined with bootstrapped resamples to improve the 
appreciation of uncertainty (%&'())*+*,-.) associated with the estimates (/0())*+*,-.). 
 
This approach will be implemented to determine the odds ratios between stratified subpopulation 
groups determined in (1) and probable Depression, at both the 1st antenatal visit and within 6 weeks 
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post-partum time points. The final model’s practical utility will be evaluated with its prediction 
performance measurements. Of note, this analysis incorporates exploration of machine learning 
algorithms in model development to improve stability and accuracy of the prediction from a pure 
statistical point of view. Methods to investigate and account for causal relationships between 
subpopulation groups, probable depression and other psychosocial variables (such as the use of 
directed acyclic graph or other methods to account for confounding effects) will not be explored. 
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M E T H O D S    &    R E S U L T S 
 
Study design & setting 
 
This is a retrospective cohort study comprising of mothers of all singleton infants born in public health 
facilities within the Sydney Local Health District (SLHD) and South-Western Sydney Local Health 
District (SWSLHD) from January 1st to December 31st, 2014, in the state of New South Wales in 
Australia. SLHD and SWSLHD are located in the centre, inner west and west of Sydney. It captures just 
more than 50% of the Sydney metropolitan region that represents a population of more than 1,450,000. 
The majority of the population within this region is born overseas. This catchment also includes some 
of Sydney’s most socio-economically disadvantaged areas. Perinatal care services are provided both 
within the hospital and in the community settings.  
 
 
Ethics 
 
Institutional ethics approvals were obtained from both the SLHD and the SWSLHD Ethics committees 
(Approval numbers HREC: LNR/11/LPOOL/463; SSA: LNRSSA/11/LPOOL/464 & Project 
No:11/276 LNR; Protocol No X12-0164 & LNR/12/RPAH/266). All data were de-identified prior to 
analysis. 
 
 
Peri-natal Edinburgh Perinatal Depression Scores 
 
Measurements of antenatal depressive symptoms were based on each pregnant woman’s EDS scores 
completed at the first antenatal visit administered by qualified midwives. For non-English speaking 
women, the EDS was administered through qualified interpreters. Post-natal EDS was also collected 
within the first six weeks at the post-natal visit. The total number of depressive symptoms were tallied 
to a maximum of 30. As per local health district policy, if the EDS count totalled to 13 or more at either 
time point, a referral is made to the hospital or community psychiatric team for a formal assessment and 
management for probable major depression. 
 
 
Psychosocial factors 
 
Baseline demographic data were recorded at the first antenatal visit. These included maternal age, 
gestational age at first visit, pre-pregnancy BMI, smoking status. As this is a particularly cultural and 
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ethnically diverse population, indicators reflecting whether English was the first language or spoken at 
home, whether she was born overseas and her Indigenous status were included. Psychosocial indicators 
were chosen from the electronic medical record, considering the four antenatal psychosocial health 
assessment domains in the ALPHA model (Carroll et al., 2005) – family factors, maternal factors, 
substance use and family violence. Relevant and available social indicator information on these domains 
were retrieved including presence/absence of a partner, report of having a supportive partner, family 
known to Family-and-Community-Services (FaCS), family known to Out-of-Home-Care services 
(OoHC) and socio-economic status. The socio-economic status was an area measurement based on the 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 1. Participant flow chart. 
Total records retrieved 
N = 17751 
Incomplete psychosocial indicators 
N = 8105 excluded 
Subpopulation stratification into 4 groups 
N = 9646 
Association between baseline depressive symptoms and Groups 
Incomplete antenatal EDS and 
psycho-social/maternal baseline 
factors. 
N = 3307 excluded  
N = 6339 analysed 
Group L 
N = 3019 
Group Ms 
N = 64 
Group M 
N = 3004 
Group Ls 
N = 252 
Association between postnatal EDS/baby outcomes and Groups  
Incomplete postnatal EDS and 
baseline demographic/ psycho-
social factors  
N = 4798 excluded 
N = 4848 analysed 
Group L 
N = 2353 
Group Ms 
N = 45 
Group M 
N = 2270  
Group Ls 
N = 180 
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Australian Bureau of Statistics Socio-Economic Index for Areas (Pink, 2013), according to the mother’s 
address provided. Decile of socio-economic status were categorised into High, Middle and Low groups 
(top 10%, middle 80% and bottom 10% of the population respectively). Relevant and available maternal 
psychological indicators were also extracted, including reporting of thoughts on self-harm, history of 
child abuse and history of physical or psychological intimate partner violence. 
 
 
Participants 
 
The current study consisted of 17751 women whose routinely collected antenatal data were retrieved 
from the relevant Local Health District electronic medical record system. Of these, 8105 were excluded 
because of incomplete information on psychosocial indicators that were mandatory to determine 
stratification class membership. 9646 mothers were included in subsequent the analysis. 6339 pregnant 
women had baseline antenatal EDS score and complete data to be able to assign a group membership 
according to psychosocial stratification, for prediction of antenatal depression. 4848 mothers had 
postnatal EDS score and complete data to be able to assign group membership for the analysis. The 
available data flow chart is depicted in Figure 1. The variables used at each stage is listed in Appendix 
A. 
 
 
Subpopulation stratification with LCA 
 
To determine mutually exclusive subpopulations, we used LCA to derive psychosocial indicator 
patterns. To determine the optimal number of latent classes, we first fit LCA with 1 to 6 classes with all 
psychosocial indicators without covariates using the Scree plot with 4 indexes (BIC, cAIC and 
likelihood-ratio). Scree plot suggested 3-class model was most likely (Figure 2). However, we examined 
the latent class structures visually for both the 3- and 4-class models (Appendix B & C). The 4-class 
latent structure was considered most closely resembling the community experience. It consists of a 
subpopulation of local/English-as-first-language (L) women and a subpopulation of migrant/English-
as-second-language (M) women. Within each of the subpopulations, the majority are socially supported 
and the minority are socially-stressed (s). This represents 4 Groups: L, Ls, M and Ms. However, a 
number of indicators on the 4-class latent structure appeared either redundant or not to be different 
across the 4 groups. A swap-stepwise latent class model comparison approach was used for indicator 
variable selection (Fop, Smart, & Murphy, 2017). This aims to select the most informative clustering 
variables, discarding those that are not informative and those that are redundant, by step-wisely 
comparing two models with intermittent swapping, and without the independence assumption between 
the indicators. The detail of those that are not informative and those that are redundant, by step-wisely 
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comparing two models with intermittent swapping, and without the independence assumption between 
the indicators. The detail of this approach has been peer-reviewed previously (Fop et al., 2017). A 4-
class latent class model was then re-fitted with the selected indicators to nominate each individual with 
a subpopulation group assignment. 
 
 
 
 
 
 
 
Figure 2 – Scree plot for model fits with 1, 2, 3, 4, 5 and 6 latent classes. 
 
Figure 3 – Subpopulation stratification into 4 groups: Local (L), stressed Local (sL), Migrants (M) and stressed Migrants (sM). 
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The 4-class latent class structure with the fitted model was shown in Figure 3. This showed 4 distinct 
groups in the community: Local (L: n = 4573, 47.41%), socially stressed Local (Ls: n = 353, 3.66%), 
Migrant (M: n = 4622, 47.92%) and socially stressed Migrant (Ms: n = 98, 1.02%). The demographic 
and psychosocial characteristics of these 4 groups were listed in Table 1. The probability distributions 
of the demographic and psychosocial indicators that the model selected for clustering were (Figure 3): 
 
1. Born overseas or English as a second language? 
2. Speaking English at home? 
3. Current smoking status? 
4. Family known to Family-and-Community Services (FaCS)? 
5. History of child abuse? 
6. Have a supportive partner? 
7. History of intimate partner psychological violence? 
 
 
Cohort characteristics 
 
The mean (SD) age of the study participants at first antenatal visit was 30.5 (5.4) years old. The median 
EDS score at first antenatal visit was 4 (IQR=6). 14% were considered to exhibit depressive symptoms 
with a score >9. The median EDS score at the post-natal visit was 3 (IQR=5), with 9.1% having an EDS 
score of more than 9. The cohort’s demographic and psychosocial characteristics were listed in Table 1. 
according to their Group stratification. 
 
 
 
Table 1. Study factors of mothers from Sydney and SouthWestern Sydney Local Health Districts in 2014 (N= 9646) 
 Group L 
n (%) 
Group Ls 
n (%) 
Group M 
n (%) 
Group Ms 
n (%) 
 4573 (47%) 353 (4%) 4622 (48%) 98 (1%) 
Demographic Characteristics     
Age at 1st antenatal visit, mean(sd) 
 20-39 years old 
 ≥ 40 years old 
 < 20 years old  
29.93 (5.66) 
4221 (92.3%) 
225 (4.92%) 
127 (2.78%) 
28.36 (6.16) 
319 (90.37%) 
14 (3.97%) 
20 (5.67%) 
31.12 (4.97) 
4372 (94.59%) 
230 (4.98%) 
20 (0.43%) 
 
32.43 (5.90) 
86 (87.76%) 
9 (9.18%) 
3 (3.06%) 
Pre-pregnancy BMI in 12/45, mean(sd) 
 Underweight 
 Normal weight () 
 Overweight 
 Obese 
25.75 (6.13) 
186 (4.19%) 
2260 (50.86%) 
1083 (24.37%) 
915 (20.59%) 
 
25.61 (6.40) 
37 (10.88%) 
145 (42.65%) 
80 (23.53%) 
78 (22.94%) 
23.71 (4.83) 
350 (7/76%) 
2723 (60.36%) 
969 (21.48%) 
469 (10.40%) 
24.80 (5.37) 
7 (7.29%) 
52 (54.17%) 
23 (23.96%) 
14 (14.58%) 
Born overseas or ESL 
 No 
 Yes 
 
4407 (96.37%) 
166 (3.63%) 
 
 
350 (99.15%) 
3 (0.85%) 
 
0 (0.00%) 
4622 (100.00%) 
 
5 (5.10%) 
93 (94.90%) 
Speaking English at home 
 No 
 Yes 
 
4486 (98.10%) 
87 (1.90%) 
 
 
353 (100%) 
0 (0%) 
 
2357 (51.00%) 
2265 (49.00%) 
 
60 (61.22%) 
38 (38/78%) 
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Indigenous Status 
 No 
 Yes 
 
4426 (96.85%) 
144 (3.15%) 
 
 
286 (81.48%) 
65 (18.52%) 
 
4615 (99.94%) 
3 (0.06%) 
 
97 (98.98%) 
1 (2.21%) 
Socio-Economic Index for Areas 
 Low 
 Medium 
 High 
 
830 (18.25%) 
3420 (75.21%) 
297 (6.53%) 
 
 
114 (32.48%) 
230 (65.53%) 
7 (1.99%) 
 
1765(40.33%) 
2469 (56.42%) 
142 (3.24%) 
 
55 (56.70%) 
37 (38.14%) 
5 (5.15%) 
     
Family Factors     
Has a partner 
 No 
 Yes 
 
191 (4.21%) 
4345 (95.79%) 
 
 
106 (30.37%) 
243 (69.63%) 
 
111 (2.43%) 
4459 (97.57%) 
  
26 (26.80%) 
71 (97.57%) 
Supportive Partner 
 No 
 Yes 
 
65 (1.42%) 
4508 (98.58%) 
 
 
98 (27.76%) 
255 (72.24%) 
 
110 (2.38%) 
4512 (97.62%) 
 
42 (42.86%) 
56 (57.14%) 
Known to Family-and-Community Services 
 No 
 Yes 
 
4573 (100.00%) 
0 (00.00%) 
 
 
164 (46.46%) 
189 (53.54%) 
 
4622 (100.00%) 
0 (0.00%) 
 
62 (63.27%) 
36 (36.73%) 
Known to Out-of-Home-Care Services 
 No 
 Yes 
 
3285 (97.42%) 
87 (2.58%) 
 
196 (67.12%) 
96 (32.88%) 
 
3465 (97.58%) 
86 (2.42%) 
 
64 (84.21%) 
12 (15.79%) 
     
Maternal Factors     
Thoughts of self-harm 
 No 
 Yes 
 
4168 (98.96%) 
44 (1.04%) 
 
 
290 (92.36%) 
24 (7.64%) 
 
4192 (98.94%) 
45 (1.06%) 
 
73 (85.88%) 
12 (14.12%) 
Gestational age at 1st antenatal visit, mean(sd) 
 <20 weeks 
 ≥20 weeks 12.57 (7.37) 3749 (83.20%) 757 (16.80%) 14.46 (8.36) 255 (74.13%) 89 (25.87%) 12.49 (7.54) 3760 (82.47%) 799 (17.53%) 15.55 (8.70) 62 (63.27%) 36 (36.73%) 
     
Substance Use     
Smoking status 
 No 
 Yes 
 
4011 (87.71%) 
562 (12.29%) 
 
 
104 (29.46%) 
249 (70.54%) 
 
4589 (99.29%) 
33 (0.71%) 
 
84 (85.71%) 
14 (14.29%) 
Alcohol use 
 No 
 Yes 
4407 (98.98%) 
91 (2.02%) 
325 (92.59%) 
26 (7.41%) 
4533 (99.32%) 
31 (0.68%) 
93 (98.94%) 
1(1.06%) 
     
Family Violence     
History of Child Abuse 
 No 
 Yes 
 
4145 (90.64%) 
428 (9.36%) 
 
 
166 (47.03%) 
187 (52.97%) 
 
4585 (99.20%) 
37 (0.80%) 
 
63 (64.29%) 
35 (35.71%) 
Intimate Partner Physical Violence 
 No 
 Yes 
 
4547 (99.56%) 
20 (0.44%) 
 
 
293 (83.00%) 
60 (17.00%) 
 
4567 (99.22%) 
36 (0.78%) 
 
74 (75.51%) 
24 (24.49%) 
Intimate Partner Psychological Violence 
 No 
 Yes 
 
4573 (100.00%) 
0 (0.00%) 
 
297 (84.14%) 
56 (15.86%) 
 
4608 (99.70%) 
14 (0.30%) 
 
52 (53.06%) 
46 (46.94%) 
     
Perinatal Edinburgh Depression Scales (EDS)     
Antenatal EDS, median (IQR) 
 EDS< 9 
 EDS≥ 9 3 (5) 3762 (86.66%) 673 (13.34%) 
 
7 (7) 
198 (60.37%) 
130 (39.63%) 
5 (6) 
3378 (78.41%) 
930 (21.59%) 
11 (10.5) 
33 (37.93%) 
54 (62.07%) 
Postnatal EDS, median (IQR) 
 EDS< 9 
 EDS≥ 9 
 
3 (4) 
3139 (90.23%) 
340 (9.77%) 
3 (5) 
205 (87.23%) 
30 (12.77%) 
3 (5) 
2880 (86.41%) 
453 (13.59%) 
6 (7) 
44 (47.69%) 
21 (32.31%) 
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Antenatal Depression and Groups 
 
(1) Antenatal Depression - Definition and Prevalence 
Probable Antenatal depression was defined as an EDS score of ≥ 9 at the first antenatal visit. 
There was no EDS score recorded for 582 women. The prevalence of depression in this 
cohort was 19.5% overall, and was 13.34%, 39.63%, 21.59% and 62.07% in Groups L, Ls, 
M and Ms respectively (Table 1). 
 
(2) Clinically Relevant Variables 
Variables that were recorded at the first antenatal visit and have not been used to stratify Groups 
were list below. The distribution of these according to Groups were listed in Table 1. 
1. maternal age group (Mat.AgeGrp) 
2. BMI categories according to WHO classification (BMI) 
3. alcohol use (EtOH) 
4. late first antenatal visit (Late1stANV) 
5. SEIFA of residence (SEIFA.grp) 
6. Having a partner (Partner) 
7. Known to Out-Of-Home-Care services (OOHC) 
8. Known physical domestic violence (DV.phy) 
 
(3) Univariate Analysis 
 
Descriptive statistics including odds and odds ratios (OR) between Depression and each of the 9 
variables (Group and the 8 variables listed in (2)) were listed in Table 2. These were determined 
with the whole of the sample first (“original sample”). The accuracy of the ORs were estimated by 
bootstrapping the original sample 1000 times. The “bootstrapped” ORs and standard error, with 
their 95% confidence intervals were also listed in Table 2. The bootstrap estimates were very close 
to the original sample estimates. This was not surprising as the sample size was reasonably large. 
 
The univariate estimates showed that Group was strongly associated with Depression, with the odds 
of depression 4 times that in the Ls group than in the L group (OR 4.10, 95CI 3.03-5.34). Similarly, 
the odds of depression was 11 times that in the Ms group than in the L group (OR 11.07, 95%CI 
6.42-18.99), although there were only 64 women in the Ms group in a total sample of 6339. Even 
the migrant group without being stratified as being stressed (M group) was associated with 
depression more than the local group, with an OR of 1.64 (95%CI 1.42-1.89). Alcohol use (OR 
1.86, 95%CI 1.15-2.88), not having a partner (OR 2.04, 95%CI 1.56-2.58), history of physical 
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domestic violence (OR 5.15, 95%CI 3.45-8.26), family known to Out-of-Home-Care services (OR 
2.16, 95%CI 1.59-2.84) and resident in low SEIFA group (OR 1.30, 95%CI 1.30-1.49) were also 
associated with depression. These were all psychosocial stressors, or manifest of life stressors, for 
a woman prior to or during pregnancy. Increased pre-pregnancy BMI (overweight or obese) were 
also associated with depression (overweight: OR 1.20, 95%CI 1.02, 1.40; obese: OR 1.29, 95%CI 
1.06-1.53). Other maternal factors, such as maternal age group at the time of pregnancy and late 
first presentation to antenatal services, were not associated with depression.  
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Table 2. Univariate Associations between Depression and 9 clinically relevant variables, with the original sample (N = 6339), and with 1000 
replicates of bootstrapped samples.  
 Depression   Original Sample Univariate Estimates Bootstrap Univariate Estimates (with 1000 replications) 
Variable Level No Yes Total Percent Odds OR OR 95%CI !"#$  P Odds OR OR 95%CI !"#$  bias 
Group L 2623 396 3019 13.12% 0.15   0.054 <0.0001 0.15   0.054 -0.002 
 Ls 156 96 252 38.10% 0.62 4.08 3.10, 5.37 0.14 <0.0001 0.61 4.09 3.09, 5.38 0.137 -0.002 
 M 2411 593 3004 19.74% 0.25 1.63 1.42, 1.87 0.071 <0.0001 0.25 1.63 1.42, 1.86 0.071 0.001 
 Ms 24 40 64 62.50% 1.67 11.04 6.58, 18.51 0.26 <0.0001 1.69 11.21 6.74, 19.38 0.270 0.023 
Mat.AgeGrp 20-39 4875 1038 5913 17.55% 0.21   0.034 <0.0001 0.21   0.033 -0.001 
 ≥40 298 75 373 20.11% 0.25 1.18 0.91, 1.54 0.13 0.21 0.25 1.16 0.89, 1.53 0.136 -0.003 
 <20 41 12 53 17.75% 0.29 1.38 0.72, 2.62 0.33 0.34 0.29 1.38 0.56, 2.50 0.360 -0.033 
BMI Normal 2833 554 3387 16.36% 0.20   0.046 <0.0001 0.20   0.047 -0.001 
 Underweight 277 62 339 18.29% 0.22 1.14 0.86, 1.53 0.15 0.36 0.22 1.14 0.84, 1.51 0.151 -0.007 
 Overweight 1236 290 1526 19.00% 0.24 1.20 1.03, 1.40 0.080 0.02 0.23 1.20 1.03, 1.39 0.078 -0.001 
 Obese 868 219 1087 20.15% 0.25 1.29 1.08, 1.54 0.089 0.004 0.25 1.29 1.08, 1.53 0.089 0.000 
EtOH No 5144 1097 6241 17.58% 0.21   0.033 <0.0001 0.21   0.032 -0.002 
 Yes 70 28 98 28.57% 0.40 1.88 1.20, 2.92 0.23 0.005 0.40 1.86 1.18, 2.84 0.230 -0.013 
Late1stANV No 4266 917 5183 17.69% 0.215   0.036 <0.0001 0.215   0.038 -0.001 
 Yes 948 208 1156 17.99% 0.219 1.02 0.86, 1.21 0.085 0.81 0.22 1.02 0.86, 1.21 0.087 -0.001 
Partner Yes 5001 1035 6036 17.15% 0.21   0.13 <0.0001 0.21   0.034 0.000 
 No 213 90 303 29.70% 0.42 2.04 1.58, 2.64 0.13 <0.0001 0.42 2.04 1.56, 2.58 0.133 -0.005 
DV.phy No 5170 1077 6247 17.24% 0.21   0.033 <0.0001 0.21   0.034 0.000 
 Yes 44 48 92 52.17% 1.09 5.24 3.46, 7.92 0.21 <0.0001 1.09 5.26 3.49, 7.93 0.220 0.002 
OOHC No 5056 1054 6110 17.25% 0.21   0.034 <0.0001 0.21   0.034 0.000 
 Yes 158 71 229 31.00% 0.45 2.16 1.62, 2.87 0.15 <0.0001 0.45 2.15 1.61, 2.84 0.150 -0.003 
SEIFA.grp Medium 3457 682 4139 16.48% 0.20   0.042 <0.0001 0.20   0.042 0.000 
 Low 1523 391 1914 20.43% 0.26 1.30 1.13, 1.49 0.071 <0.001 0.26 1.30 1.12, 1.49 0.071 -0.003 
 High 234 52 286 18.18% 0.22 1.13 0.82, 1.54 0.16 0.45 0.22 1.13 0.80, 1.53 0.163 -0.002 
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(4) Multivariate Model Building 
 
Multivariate model building and evaluation was implemented by using a supervised statistical 
learning approach as described in the Statistical Analysis Plan above. 
 
Subset partitioning for feature selection and cross-validation 
 
The cohort was partitioned into 80% training and 20% testing sets. This was done with 5-folds cross-
validation, yielding 5 non-overlapping training-testing sets. The was then repeated 10 times with 
permutation, resulting in 50 distinct training-testing sets.  
 
Feature selection 
 
There are a number of variations to accomplish CV. Jayawardana summarised and compared the 
different CV procedures (Jayawardana, 2016). The full CV procedure (FullCV) is usually 
considered the reference standard that minimises bias introduced by using all of the training data to 
choose features (Varma & Simon, 2006). In her thesis, feature selection by re-substitution error rates 
(ResubCV) was shown to be not inferior to fullCV while preserving its procedural simplicity. 
Computation time was significantly reduced (3.27hrs for FullCV vs. 38min for ResubCV), yet the 
mean 5-fold CV error rate was retained with negligible percentage change in mean CV errors 
compared to the FullCV (34% for FullCV vs 35% for ResubCV). Hence ResubCV was the feature 
selection CV method explored here, with backward stepwise algorithm using minimum Akaike 
information criterion (AIC) on the 50 CV training sets. An AUC was determined for each cross-
validation set (Figure 4 left) to determine the optimal model size. Inclusion frequencies were 
calculated for each variable (Figure 4 right). The selection criteria were minimal AUC and the top 
inclusion frequency variables for the number of variables with minimum AUC.  
 
The 4-feature model had the minimal AUC. The top 4 features with the highest inclusion frequency 
were chosen to be included as the model for cross validation evaluation and model interpretation. 
 
To assess the stability of feature selection, a separate sensitivity analysis was conducted, using 
“Boruta” algorithm – a tree-based recursive feature elimination method (Kursa & Rudnicki, 2010). 
Consistent with the ResubCV backward stepwise AIC algorithm, Boruta rated Group, DV, Partner 
and BMI as the most important variables, followed by EtOH and OOHC (Figure 5). These were 
rated more important than randomly introduced unimportant shadow variables. This was also 
consistent with the bootstrap univariate analysis, whereby Group, Partner, DV.phy, BMI, EtOH and 
OOHC were strongly associated with Depression.  
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Collinearity 
 
The generalized variance inflation factors (GVIF) described by Fox and Monette (FOX & 
MONETTE, 1992)  was applied to the model to isolate collinear variables after accounting for 
Figure 5. Variable importance ranking by Boruta algorithm 50 training sets. 
Figure 4. AUC and inclusion frequency by 50 cross validation backward stepwise selection by minimum AIC. 
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multiple degree of freedom effects. There were no variables identified that were responsible for 
correlated parameter estimates (Table 3). 
 
Table 3: Collinearity measurement 
 VIF DF GVIF = !"# $%& 
Group 1.22 3 1.03 
BMI 1.04 3 1.01 
Partner 1.11 1 1.05 
DV.phy 1.12 1 1.06 
 
 
Influential Observations 
 
Potential influential observations were checked visually with Cook’s distance (Figure 6). Martin 
and Pardo (Martín & Pardo, 2009) suggested using ℎℎ(((( × *+.-./ (1) as the critical value, where ℎℎ(((( is 
the average of the J values of ℎ3/(1 − ℎ3). Note ℎℎ(((( × *+.-./ (1) = 0.0004 in this dataset. This 
identified far too observations being extreme. Kutner et al. (Kutner, 2005) suggested using F(p, n-
p) distribution above 50 percentile as a measure of influence in interpreting Cook’s distance (0.64 
in this dataset). There were no observations with Cook’s distance above this cut-off. On the other 
hand, Fox et al. (Fox, 2015), was cautious regarding using cut-off values and suggested inspecting 
for observations substantially larger than the rest. Similarly, Hosmer et al. (David W Hosmer, 
Lemeshow, & Sturdivant, 2013) suggested inspecting Cook’s Distance vs Estimated Probability 
plot visually to investigate for potential influential observations. The top 4 observations with the 
largest Cook distances and were examined (Table 4). Manual checking on these observations 
revealed no apparent reason or clear pattern to justify removal of these observations. Comparing 
coefficients with the fitted model and that after deleting these 4 observations all showed <20% 
change, as tableted in Table 5, and these observations were all retained. 
 
Table 4. Examination of the top 4 Cook’s distance observations 
Co
ok
’
s 
D
ist
an
ce
 
Pr
ed
ic
te
d 
Pr
ob
ab
ili
ty
 
D
ep
re
ss
io
n  
G
ro
up
 
BM
I  
Et
O
H
 
La
te
 1
st  
A
N
V
 
SE
IF
A
 
O
O
H
C 
D
V
 
N
oP
ar
tn
er
 
0.00386 0.62 0 Ms Normal 0 0 Low 0 0 1 
0.00355 0.29 1 L Overweight 0 1 Medium 0 1 0 
0.00349 0.15 1 L Underweight 0 0 Low 0 0 1 
0.00346 0.67 0 Ls Obese 0 1\0 Medium 0 0 1 
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Table 5: Percentage change in the 67  estimates after deleting the 4 potentially 
influential observations 
 Original 67 Di > 0.004 deleted %	Δ 
Intercept -2.04 -2.04 -0.17% 
Group Ls 1.16 0.16 -0.32% 
 M 0.531 0.533 -0.37% 
 Ms 2.19 2.17 2.12% 
BMI Underweight -0.0432 -0.0407 6.22% 
 Overweight 0.205 0.209 -1.96% 
 Obese 0.327 0.330 -0.98% 
NoPartner 0.351 0.345 1.72% 
DV.phy 0.934 0.939 0.50% %	Δ = 100×(Org-Del)/Del 
 
 
 
 
(5) Model Performance Evaluation 
 
Final Mode:  ;<=><??@AB	~	D>AE=	 + 	GH"	 + 	IJ>KB<>	 + 	;! 
 
A final multivariate logistic model was then built with the selected variables. Using the model 
estimates from the 50 training sets, predictions were made on the 50 hold-out testing sets for their 
probability of being depressed. In Australia, the incidence of perinatal depression (Australian 
Institute of Health and Welfare, 2012) has been reported as 20% all mothers. Of these, 73.4% 
Figure 6.  Plot of Cook’s distance versus the estimated probability from the fitted model. IDs of the 4 largest values were labelled. 
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reported the timing of new diagnosis was before pregnancy. This baseline depression prevalence 
(14.68%) was used as the discriminating point for the predicted probability of depression. The actual 
and the predicted cases of depression were evaluated with confusion matrix and receiver operation 
curve (ROC), to determine its classification error rate, sensitivity, specificity, positive predictive 
values (precision) and negative predictive values. The classification performance indices from these 
50 confusion matrices were tableted in Table 6. The 50 validation ROCs were plotted in Figure 7. 
 
Table 6. Summary of Model Classification Performance 
Index mean Sd 
Sensitivity 0.039 0.012 
Specificity 0.992 0.003 
Positive Predictive Value 0.540 0.136 
Negative Predicted Value 0.827 0.009 
Prevalence 0.177 0.009 
Detection Rate 0.007 0.002 
Balanced Accuracy 0.516 0.006 
ROC AUC 0.615 0.020 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The mean (sd) AUC for the 50 ROCs was 0.615 (0.020) which described Model’s poor 
discrimination ability for Depression. This was reflected on the low sensitivity (0.039) and positive 
predictive value (0.540), and the detection rate (0.007). However, the model has a very high 
specificity (0.992) and reasonably high negative predictive value (0.827). 
Figure 7. Model performance evaluation: Receiver operating curves for the 50 training-testing validation iterations. 
- Page 32 of 47 - 
 
A test with high specificity means low false negative rates. This is a test that performs well in “ruling 
in” a condition. For those who do not have the disease, it’s very unlikely that it will return a positive 
result. A test with high negative predicted value also means that when this test showed up as 
negative, it’s very likely that this person does not have the disease. Hence, this is a very useful tool 
whereby no further investigations are required when the test is negative. In a public health sense, 
this will help focusing on shifting the resources away from those who do not need them, and better 
targeting more expensive or sensitive tests to those that will benefit from subsequent definitive 
interventions. In this sense, this model serves well as a stratification tool in the community health 
setting for the purpose this study set out for.  
 
(6) Final model estimates 
 
Odds, ORs and their respective 95% CI were estimated by using the bootstrap estimates as described 
under “Univariate Analysis” above. These were compared to univariate ORs in Table 7 and plotted 
in Figure 8. 
 
As can be seen from our multivariate bootstrapped estimates, being in the “socially stressed “ groups 
remained more likely to be depressed: the odds of being depressed was 3 times and nearly 9 times 
more in the Ls and Ms groups respectively (OR 3.17, 95%CI 2.30-4.22, and OR 8.91, 95%CI 5.30-
15.34, respectively) than in the L group, after adjusting for BMI, EtOH status, having a partner and 
history of physical domestic violence.  
 
Table 7. Bootstrapped model estimates – Univariate estimates vs adjusted estimates. 
 Univariate Bootstrapped Estimates Multivariate Bootstrapped Estimates 
Variable Level OR OR 95%CI bias Odds OR OR 95%CI LMNO  bias 
Group Ref level = L - Reference level:  DP, GH"RSTUVW, IJ>KB<>XYZ, ;!. =ℎ[RS 
 Ls 4.09 3.09, 5.38 -0.002 0.41 3.17 2.30-4.42 0.164 -0.002 
 M 1.63 1.42, 1.86 0.001 0.22 1.70 1.48-1.95 0.070 -0.002 
 Ms 11.21 6.74, 19.38 0.023 1.16 8.91 5.30-15.34 0.266 -0.003 
BMI Ref level = Normal - - 
 Underweight 1.14 0.84, 1.51 -0.007 0.13 0.97 070-1.28 0.153 0.001 
 Overweight 1.20 1.03, 1.39 -0.001 0.16 1.22 1.05-1.44 0.079 -0.005 
 Obese 1.29 1.08, 1.53 0.000 0.18 1.40 1.16-1.67 0.093 0.005 
Partner Ref level = Yes   
 No 2.04 1.56, 2.58 -0.005 0.18 1.41 1.04-1.91 0.150 -0.009 
DV.phy Ref level = No - - 
 Yes 5.26 3.49, 7.93 0.002 0.33 2.57 1.55-4.23 0.247 0.006 
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Figure 8. Forrest Plot: Adjusted vs Univariate bootstrapped ORs.  
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Postnatal Depression and Groups 
  
Association between postnatal EDS and subpopulation stratified Groups were similarly modelled and 
evaluated. This part of the analysis followed the same steps as the antenatal depression analysis above. 
Only results were presented here. 
 
(1) Postnatal Depression - Definition and Prevalence 
An EDS of ≥ 9 was again considered to classified as probable depression.  
Post-natal depression was defined as an EDS score of ≥ 9 within 6 weeks post-partum. The 
prevalence of depression in this cohort was 11.9% overall, and 9.77%, 12.77%, 13.59% and 
32.31% in Groups L, Ls, M and Ms respectively (Table 1), notably lower than the respective 
groups at the first antenatal visit. 
 
(2) Clinically Relevant Variables 
This part of the analysis addressed the question of stratified subpopulation Groups’ predictive ability 
for postnatal depression. Same as the antenatal depression analysis, only baseline maternal and 
psychosocial factors were included as covariates in addition to Group. These were maternal age 
group (Mat.AgeGrp), BMI categories according to WHO classification (BMI), alcohol use (EtOH), 
late first antenatal visit (Late1stANV), SEIFA of residence (SEIFA.grp), Having no partner 
(NoPartner), known to Out-Of-Home-Care services (OOHC) and known physical domestic violence 
(DV.phy).  
 
(3) Univariate Analysis 
Table 8 listed the descriptive statistics for the univariate associations between these 9 variables and 
Depression with the original sample first, then with bootstrapped re-sampling to evaluate the 
uncertainties of the estimates. This showed that the differences in the bootstrapped SE and original 
SE were all quite small. Unlike with antenatal depression, only Group and DV.phy were associated 
with Depression. M Group was 1.5 times more likely, while Ms group was nearly 6 times more 
likely, to be depressed than L group (OR 1.50, 95%CI 1.25-1.87; and OR 5.80, 95%CI 2.84-10.85, 
for M and Ms Groups compared to L Group respectively). Known physical domestic violence was 
2 times more likely to be depressed post-natally than those with no such history (OR 2.06, 95%CI 
1.00-3.74), although the bootstrapped 95%CI suggested that equally plausible is the case were there 
was no such difference. 
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Table 8. Univariate Associations between Depression and 9 clinically relevant variables, with the original sample (N = 4848), and with 1000 
replicates of bootstrapped samples.  
 Depression   Original Sample Univariate Estimates Bootstrap Univariate Estimates (with 1000 replications) 
Variable Level No Yes Total Percent Odds OR OR 95%CI !"#$  P Odds OR OR 95%CI !"#$  bias 
Group L 2148 205 2353 8.71% 0.10   0.073  0.10   0.074 -0.004 
 Ls 158 22 180 12.22% 0.14 1.46 0.91-2.33 0.239 0.11 0.14 1.47 0.87-2.31 0.246 -0.004 
 M 1984 286 2270 12.60% 0.14 1.51 1.25-1.83 0.097 <0.0001 0.14 1.51 1.25-1.84 0.100 0.003 
 Ms 29 16 45 35.56% 0.55 5.78 3.09-10.82 0.320 <0.0001 0.55 5.73 2.96-10.58 0.326 -0.005 
Mat.AgeGrp 20-39 4025 498 4523 11.01% 0.12   0.048 <0.0001 0.12   0.050 -0.001 
 ≥40 256 29 285 10.18% 0.11 0.92 0.62-1.36 0.202 0.66 0.11 0.91 0.58-1.34 0.203 -0.006 
 <20 38 2 40 5.00% 0.05 0.43 0.10-1.77 0.727 0.24 0.05 0.41 0.00-1.15 2.518 -0.927 
BMI Normal 2331 289 2620 11.03% 0.12   0.062 <0.0001 0.12   0.063 -0.003 
 Underweight 239 19 258 7.36% 0.08 0.64 0.40-1.04 0.246 0.071 0.08 0.64 0.35-0.98 0.255 -0.020 
 Overweight 1029 137 1166 11.75% 0.13 1.07 0.87-1.33 0.110 0.52 0.13 1.07 0.86-1.33 0.112 -0.002 
 Obese 720 84 804 10.45% 0.12 0.94 0.73-1.22 0.131 0.64 0.12 0.94 0.71-1.22 0.134 -0.002 
EtOH No 4252 517 4769 10.84% 0.12   0.047 <0.0001 0.12   0.047 -0.001 
 Yes 67 12 79 15.19% 0.18 1.47 0.79-2.74 0.317 0.22 0.18 1.47 0.64-2.52 0.357 -0.042 
Late1stANV No 3594 455 4049 11.24% 0.13   0.050 <0.0001 0.13   0.050 0.000 
 Yes 725 74 799 9.26% 0.10 0.81 0.62-1.04 0.132 0.10 0.10 0.80 0.62-1.04 0.132 -0.005 
Partner Yes 4138 507 4645 10.91% 0.13   0.038 <0.0001 0.13   0.038 0.000 
 No 181 22 203 10.84% 0.16 1.20 0.85-1.70 0.177 0.29 0.16 0.12 0.80-1.67 0.186 -0.006 
DV.phy No 4263 515 4778 10.78% 0.12   0.047 <0.0001 0.12   0.045 0.001 
 Yes 56 14 70 20.00% 0.25 2.07 1.14-3.74 0.302 0.016 0.24 2.02 1.05-3.69 0.318 -0.029 
OOHC No 4171 505 4676 10.80% 0.12   0.047 <0.0001 0.12   0.046 0.000 
 Yes 148 24 172 13.95% 0.16 1.34 0.86-2.08 0.225 0.19 0.17 1.36 0.82-2.05 0.230 -0.003 
SEIFA.grp Medium 2948 347 3295 10.53% 0.12   0.057 <0.0001 0.12   0.056 -0.002 
 Low 11871 159 1330 11.95% 0.14 1.15 0.94-1.41 0.102 0.16 0.14 0.16 0.94-1.39 0.101 0.000 
 High 200 23 223 10.31% 0.12 0.98 0.63-1.53 0.227 0.92 0.11 0.97 0.56-1.51 0.252 -0.028 
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(4) Multivariate Model Building 
 
The 50 training sets were used with the same feature selection algorithms as before. 
 
Feature selection 
 
ResubCV with backward stepwise selection by AIC had a one-variable model with minimum AUC. 
Group was ranked top with inclusion frequency and thus was the only variable selected for the 
model (Figure 9). Sensitivity analysis with using Boruta algorithm confirmed that this choice was 
stable, with Group more than twice above the importance than all other variables (Figure 10). This 
was contrasted by univariate analysis where DV.phy was also associated with depression in addition 
to Group. This was in a sense consistent, in saying that Group was the only variable that was the 
most stable, and repeatedly being selected as the variable that cannot be excluded.  
 
 
 
 
Figure 9. AUC and inclusion frequency by 50 cross validation backward stepwise selection by minimum AIC. 
Figure 10. Variable importance ranking by Boruta algorithm 50 training sets. 
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To investigate possible confounding effect of DV.phy, the !"	coefficients for Groups were estimated 
after adjusting for DV.phy with bootstrapped re-sampled 1000 times, and the bootstrapped estimate 
compared to that of univariate !" estimate (Table 9). Although the coefficients for the stressed 
Groups were increased, it is reasonable to conclude that the change were <20% to be truly 
confounding (by 18% in the Ls group and 5% in the Ms group). 
 
Table 9: Percentage change in the bootstrapped (1000) !" estimates after adjusting for DV.phy 
 Univariate !" After adjusting 
for DV.phy 
%	Δ 
Intercept -2.34 -2.35 -0.3 
Group Ls 0.37 0.31 18.3 
 M 0.41 0.41 -0.4 
 Ms 1.74 1.65 5.3 %	Δ = 100×(Uni-Adj)/Adj 
 
 
(5) Model Performance Evaluation 
 
Final Model: Postnatal Depression ~ Group 
 
In Australia, the incidence of perinatal depression (new diagnosis) has been reported as 20% all 
mothers (Australian Institute of Health and Welfare, 2012). Of these, 77.1% were newly diagnosed 
with depression by the time the baby was born. This incidence (15.42%) of depression for new 
mothers was used as the cut off for the predicted probability of depression to construct confusion 
matrix. The actual and the predicted cases depression were evaluated and receiver operation curve 
(ROC), to determine its classification error rate, sensitivity, specificity, positive predictive values 
(precision) and negative predictive values. The classification performance indices from these 50 
confusion matrices were tableted in Table 10. The 50 validation ROCs were plotted in Figure 11, 
with a mean AUC of 0.557.  
Table 10. Summary of Model Classification Performance 
Index mean Sd 
Sensitivity 0.030 0.014 
Specificity 0.993 0.003 
Positive Predictive Value 0.360 0.159 
Negative Predicted Value 0.893 0.009 
Prevalence 0.109 0.009 
Detection Rate 0.003 0.002 
Balanced Accuracy 0.512 0.007 
ROC AUC 0.557 0.029 
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Again, this showed that the predictive value of stratified subpopulation Groups lied on its ability to 
“rule in” potentially depressed mothers. This makes sense as psychosocial stratification of antenatal 
women is not expected to accurately discriminate depression. Rather, this serves as a “pre-test 
probability” to target resources for those groups who will benefit the most.  
 
(6) Final model estimates 
 
Odds, ORs and their respective 95% CI were estimated by using the bootstrap estimates were listed 
in Table 8 and plotted in Figure 12. As can be seen, being in the “migrant” groups remained more 
likely to be depressed postnatally. Compared to the L group, the odds of being depressed was 1.5 
times and nearly 6 times higher in the M and Ms groups respectively (OR 1.51, 95%CI 1.25-1.84, 
and OR 5.73, 95%CI 2.96-10.58, respectively). 
 
 
Figure 11. Model performance evaluation: Receiver operating curves for the 50 training-testing validation iterations. 
Figure 12. Forrest Plot: OR of Groups with regards to postnatal depression. 
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D I S C U S S I O N 
 
Key results 
 
Using routinely available health service indicators, women presenting to the antenatal care services can 
be stratified into 4 groups that closely resembled the community experience. The baseline indicators 
included 
1. Demographic indicators  
a. Born overseas? 
b. Speaking English at home? 
2. Psychosocial stressors 
a. Having a supportive partner? 
b. known to Family-and-Community Services? 
c. Smoking status 
d. History of child abuse 
e. Known intimate Partner psychological violence 
 
The 4 subpopulation groups reflected a majority group of local residents with minimal social stressors 
(Group L, 47%), a minority group of socially stressed local residents (Group Ls, 4%), a majority group 
of migrants with minimal social stressors (Group M, 48%) and a minority socially stressed migrant 
group (Group Ms, 1%) (Figure 5).  
 
The distributions of antenatal depression were different amongst these groups. Probable antenatal 
depression was defined as an EDS score of 9 or more at the first antenatal visit. Prevalence of baseline 
depression was higher in the “socially stressed” groups (Ls and Ms) than in the not stressed groups 
(13.34%, and 21.59% in the “not stressed” L and M groups respectively; and 39.63% and 62.07% in the 
“socially stressed” groups Ls and Ms respectively). The psychosocial factors that influenced antenatal 
depression were pre-pregnancy BMI categories, alcohol use, presence or absence of a partner and if 
there was known physical domestic violence. Compared to local not socially stressed residents (L 
group), the odds of depression were much higher for the socially stressed groups (Ls: '()* 3.127 95%CI 
2.30-4.42; Ms: '(+* 8.91, 95%CI 5.30-15.34), being over 3 times more in the Ls group and nearly 9 
times more in the Ms group. Antenatal depression was also higher in the average migrant group 
('(+1.70, 95%CI 1.48-1.95) compared to non-migrants. Our findings were consistent with previous 
studies that social stressors are associated with perinatal depression. In particular, our findings suggested 
that this affected pregnant women prenatally. Opportunity exists in addressing this by targeting socially 
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stressed women in the Ls and Ms groups either pre-natally at the planning stages, or early during 
pregnancy. 
 
The distributions of post-natal depression were also different amongst these groups, although the pattern 
differed from those for baseline depressions. The prevalence of post-natal depression in general 
appeared lower than the baseline antenatal prevalence, and was higher in the migrant groups than in the 
local residents group (9.77% in the L group vs 13.59% in the M group, and 12.77% in the Ls group vs 
32.31% in the Ms group). Within 6 weeks after the baby was born, being a migrant was approximately 
70% more likely to be depressed than her Australian-born local counterparts ('(+ 1.70, 95% 1.48-
1.95), while a socially stressed migrant was nearly 9 times more likely to be depressed ('(+* 8.91, 
95%CI 5.30-15.34). Previous studies suggested that social network and isolation are important 
determinants of perinatal depression for migrants. The interplay between migrants, social 
network/integration and perinatal depression is complex. Migrants who resides in communities in a 
different cultural background to her own have been shown to have higher rates of depression (Falah-
Hassani, Shiri, Vigod, & Dennis, 2015). This differs from migrants who integrate successfully into her 
local community, either within a community of her own cultural background, or successfully integrates 
herself in a different cultural community, who assumes the same psychosocial risks for perinatal 
depression as their local counterparts (King, Feeley, Gold, Hayton, & Zelkowitz, 2018). Our results 
showed that migrants, but not socially stressed locals, were more likely to be depressed after the baby 
was born. It might be that these women found themselves more socially isolated and emotionally 
stressed in the community post-partum, and not fully utilise supporting services for early motherhood. 
Opportunity thus exists in providing community supporting services targeting migrants in the early 
period post-partum. 
 
It was interesting to see that the prevalence of depression overall was lower in all groups immediately 
post-partum than at baseline. This warren further research in looking at antenatal and peri-partum factors 
that may have influenced post-partum depression. It is also important to see if this effect is alleviated 
more or less in any particular groups by any particular factor.  
 
The balanced accuracies of Groups in detecting probably depression antenatally and postnatally were 
both very low. The balanced accuracy was 52% antenatally and 51% postnatally, not different to random 
guessing. The sensitivity was also extremely low, being only 3-4% for predicting antenatal or postnatal 
depressions, with a precision only around 35-55%. This suggested being in a particular Group has a very 
poor predictability of depression. This was not surprising. Not all migrants are depressed, nor were all 
locals. All socially stressed residents aren’t all depressed either. The aim of the stratification was not to 
detect all depressed women with high accuracy or precision, but to stratify women into groups to help 
targeting resource allocation and intervention. 
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The specificities, on the other hand, were both very high, at around 99%, for predicting antenatal and 
post-natal depressions. The negative predicted values were also both high, between 80 to 90%. High 
specificity equates to low false positives. This means the stratification was an excellent tool in “ruling 
in” probable depression. No all depressed women at baseline are going to be in the Ls or Ms group. But 
those who are not depressed are unlikely to be in the Ls or Ms group. Similarly, for early post-partum 
mothers, not all depressed will be in the M or Ms groups, but those in the L or Ls group are less likely 
to be truly depressed. In practical terms, resources should preferentially be relocated to Ls or Ms groups 
prenatally, and to the M or Ms group in the early post-partum period. More sensitive tests can be 
complemented to diagnose depression and interventions tailored to those who are most in need. 
 
 
Limitations 
 
There are several limitations of the study. This is a retrospective cohort study with data collected from 
routinely recorded information from medical records. As such, there were non-insignificant amount of 
missing data in the dataset. This is typical of medical data. Most of the missing data can be consider 
missing at random or missing completely at random. These can be addressed by multiple imputation 
and conducting a sensitivity analysis on the imputed data and comparing the results to the complete-
data analysis. However, these are beyond the scope of this WPP.  
 
It is possible that some data were missing not at random. EDS scores might have been missing because 
the depressed pregnant women lacked motivation to complete the questionnaire or attend post-natal 
follow-up. Most of the psychosocial indicators were self-reported. Socially stressed or isolated women 
might not have reported their circumstances fully or might have been missing from the dataset. Such 
missing data are difficult to detect and can introduce significant bias into the study.  
 
This study only focused on a particular local mixture of culturally diverse population within health 
service catchment areas in Sydney, albeit a large geographical catchment. This limits the generalisability 
of the study. However, the purpose of the study was to identify potential targets (people, place, time) 
for local health level resource allocation and intervention. For other populations with different 
demographic characteristics and psychosocial stressors, the method described can be used as a guide to 
stratify other community of interest, rather than generalise the conclusion of this study to other 
populations. 
 
The cut-point of EDS≥9 was chosen on clinical impression. Different cut-points would undoubtedly 
result in different performance measurements. This analysis did not investigate the effect and profiles 
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of the subpopulation groups between different cut-points. This indeed is an area that further work should 
be concentrated on to improve the practical utility of the identified latent groups. Likewise, effect of 
class imbalance between the subpopulation groups was not investigated. Model performance in 
predictive modelling is sensitive to imbalanced distributions between the groups. The results and the 
discussion that followed in evaluating the prediction performance might have been biased because of 
this issue. Indeed, the current analysis can be improved by adapting techniques addressing class 
imbalance such as random-resampling and compare that to the current analysis. However, these are 
beyond the scope of this particular WPP. 
 
 
Conclusion 
 
This analysis demonstrated that it was possible to stratify pregnant women into subpopulations using 
their demographic and psycho-social characteristics.  Distinct groups were highly specific in predicting 
antenatal and postnatal depression. They are useful as tools in targeting further resource allocation to 
address depression in the antenatal and immediately postnatal periods. 
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A P P E N D I X 
 
A. Variables considered for latent class and logistic regression model building 
 
There were 17 maternal demographic and psychosocial independent variables available in the dataset (as listed in Table 1) for consideration in the model building processes. After discussion with 
the community health physician experts, 16 were considered for latent class (LC) model building (BMI was excluded as it was not considered a “psychosocial” indicator). The final LC model 
included 7 psychosocial indicators that were used to cluster the parturient into 4 subpopulation groups. To consider for the subsequent logistic regression, of the remainder 10 variable, Indigenous 
status was excluded as an independent variable as it was inappropriate from the Community Health point of view to distinguish Indigenous status as a risk factor for depression. Thoughts of self-
harm was a separate variable extracted from EDS questionnaire and hence was also excluded for logistic regression model building when EDS was the dependent variable. This resulted in 8 
variables that weren’t included in the final LC model to be considered for logistic regression model building. The final logistic regression model included the LC group and 3 other variables in the 
antenatal model (listed in the last column below), and only the LC group in the postnatal model. 
 
Variables 
 
All available independent variables in the dataset 
No of Classes 
 
Psychosocial indicators 
considered to determine 
the number of classes to 
manually consider for 
the LC model 
 
LC Model building 
 
Psychosocial indicators 
considered to select the 
most informative 
variables for 
Final LC Model 
 
Variables included in 
the final LC models 
GLM Model building 
 
Variables considered 
for logistic regression 
model building 
Final GLM Model 
 
Variables included in 
the final antenatal GLM 
Model 
Maternal age group (Mat.AgeGrp) • •  •  
Pre-pregnancy BMI (BMI)    • • 
Born overseas or ESL (CALD) • • •   
Speaking English at home (English) • • •   
Indigenous status (Abor) • •    
Socio-economic index for areas (SEIFA.grp) • •  •  
Has a partner (Partner) • •  • • 
Partner is supportive (P.Supp) • • •   
Known to Family-and-Community Services (FACS) • • •   
Known to Out-of-Home-Care services (OOHC) • •  •  
Thoughts of self-harm (EDS.Q10) • •    
Gestational age at 1st antenatal visit (GA.1stANvisit) • •  •  
Smoking status (Smoking) • • •   
Alcohol use (EtOH) • •  •  
History of child abuse (HxChildAb) • • •   
Intimate partner physical abuse (DV.phy) • •  • • 
Intimate partner psychological abuse (DV.psy) • • •   
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B. 3-class latent class structures with all 16 psychosocial indicators  
 
 
 
 
C. 4-class latent class structure with all 16 psychosocial indicators 
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